Estero Bay and Watershed Assessment Monitoring Program

8.0. DATA ANALYSISMETHODS

Suggested methods for analysis of monitoring data collected from the Estero Bay Watershed are
described below. Methods are identified for three types of analyses:

C assessment of HSPF model fit (calibration and validation);
C land use/management practices-loading relationships; and
C rainfall-loading relationships.

Additional analyses applicable to collected monitoring data that are also presented include:

C analyses of spatial and temporal relationships; and
C relationships between stressor and response variables.

8.1. Useof Monitoring Data to Assess Model Fit: Calibration and Validation

Oneimportant use of the results of the previously presented monitoring program will beto calibrate
and validate the HSPF model of the Estero Bay Watershed. Important response variables that will
be estimated by the HSPF model, such as freshwater discharge and pollutant load concentrations,
will be measured concurrently with the dynamic explanatory variables(e.g., rainfal, insolation, and
humidity). Post HSPF processing analyses will then be required to evaluate the fit of the HSPF
model predictions of discharge and pollutant load concentrations to the measured data. The
following methods identify one approach in which monitoring program results can be used for
calibration and validation.

8.1.1. HSPF Model Calibration

The monitoring data would be used to calibrate the HSPF model in two steps. Thefirst step of the
calibration process would be to use a subjective approach of plotting the predicted and measured
response data with the explanatory variables to assess the fit of the model. Thiswould provide an
efficient use of the professional judgement of the HSPF modeling team and the complex set of
information available to them. The second step would be to estimate an objective measure of thefit
of the model. This would provide a straightforward and quantitative metric of the model which
could be readily compared to other HSPF model runs. These two steps would be repeated in
sequence until the model calibration is completed.

Thefirst step in using the monitoring data to assess the fit of the model would be to use subjective
graphical methodsto provide an assessment of model fit and the rel ationships between explanatory
and response variables. It isimportant to note that time series plots overlaying paralel trends of
predicted responses versus time and measured responses versus time (e.g., freshwater discharge),
although potentially useful, could likely obscure alack of fit of the HSPF model. This could occur
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when the visual patterns of the similar response of predicted and observed valuesto episodic storm
events would obscure smaller yet important biases in the predictions. In order to provide the best
subjectivetool for assessment of thefit of the model, the predicted values would be plotted against
the observed values and overlaid with a1:1 referenceline. Deviationsfromthe 1:1 linewould then
be readily visible. If the deviations from the 1:1 line are deemed to be important, then the lack of
fit of themodel could befurther isolated by plotting categorical explanatory variables such as season
or month as different symbols on the plots. This would aid in determining if the lack of fit is
associated with the state of a categorical variable. If the lack of fit could still not be isolated or if
there would be anon-linear relationship between the predicted and observed response values, then
the residuals of the predicted and measured response variables could be plotted against selected
continuous explanatory variables. One would then search for relationships between the response
variable residuals and explanatory variables such as rainfall or insolation. The existence of such a
relationship would indicate alack of fit of the model related to that explanatory variable.

In addition to the more subjective graphical assessments of the model fit to the measured datafrom
the monitoring program, it would be useful to develop an objective and quantitative metric of the
fit of the HSPF model. Such ameasure could be easily tabulated for comparison of model runs and
could be presented in project reports in aformat which could be easily interpreted. All of the data
needed to compute such a statistic would be provided by the predicted response values from the
model and the measured response values from the monitoring program. Thetotal variation among
the measured values for each of the response variables (e.g., freshwater discharge, TSS
concentration, TN concentration) could be expressed as:

|
_ ——
ilR R
11

where | = the number of measured response samples,

R = the measured response value from the ith sample of the monitoring
program, and

F\_>i = the mean of the measured response samples.

Thetotal variation among the measured response data could then be split into two parts.

C Thetotal variation among the model predictions would be computed as;

§(R R)

11
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where IQI = the HSPF predicted response which corresponded to the ith
measured response sample.

C The variation among the model predictions not accounted for by the HSPF model
would be computed as:

(R R

11

where R = the measured response value for theith sample.

A standard R? value could then be computed to assess the level of fit of the HSPF model
based on the monitoring data. The R? value would represent the proportion of the total
variation among the observed datathat could be explained by the HSPF model. For example,
arelatively good fit of the HSPF model for freshwater discharge might beindicated by ahigh
R? value of 0.75 which would indicate that 75% of the variation in freshwater discharge
could be explained by the model.

In practice, R? values could be quickly computed using a statistical programming package
such as SAS (SAS|Institute, 1995) by computing one minustheratio of the uncorrected sum
of sguares for the residuals over the corrected sum of squares for the measured values.
Example SAS code to compute a measure of fit for freshwater discharge by primary basin
would read as follows (SAS code in bold print):

C Step 1: Compile a SAS data set of primary-basin-specific HSPF flow estimates and
the corresponding measured flows from the monitoring program, and compute

residuals.
Data set_a;
input basin flowHSPF flow;
rflow = flow - flowH SPF;
label basin =“Primary Basin”
flowHSPF  =“HSPF Predicted Flow (m3/sec)”
flow =“Measured Flow (m3/sec)”
rflow =“Resdual of Predicted Flow (m3/sec)”;
run;
C Step 2: Compute the corrected and uncorrected sums of squares for each basin.

Proc sort data=set_a; by basin; run;
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Proc means data=set_a css uss noprint;
var rflow flow ;
output out=set_a CSS=CSS I CSS Yy USS=USS I USS Y;
by basin;

run;

C Step 3: Compute and print atable of the R* values for each basin.

Dataset_a;
set set_a;
Rsquare=1- (uss r/css y);
label Rsquare=“R Square’;
run;

Titlel “HSPF Model Run No. 123";

Title2 * Assessment of Model Fit”;

Proc print noobs label data=set_a;
Var basin Rsguare;

run;

8.1.2. HSPF Model Validation

In addition to calibration of the HSPF model, the monitoring data could provide an important
resource for validation of the model fit by setting aside a portion of the measured data before
calibrating. These data would then be compared to the calibrated model responses to provide an
independent measure of the fit of the model. In fitting any model to measured data, the fit of the
predicted valuesto the observed valuesisincrementally improved by theinclusion of each additional
explanatory parameter. In an extreme example, amodel having the same number of parameters as
pointsto be predicted will provide an exact prediction of theinput data. However, each explanatory
parameter added to amodel decreases the robustness of the model to prediction error, and the model
becomes more susceptible to producing biased results due to errorsin estimation of the parameters.
A complex watershed model such asthe HSPF model iswell saturated with independent explanatory
parameters, and applying the same data used to calibrate the model as the only measure of its
goodness of fit may not reveal prediction biases due to errorsin parameter estimation.

Anindependent measure of thefit of themodel could be provided by using aportion of the measured
datafrom the monitoring program for validation of the HSPF model. These datawould not be used
to calibrate the model. The validation process would use the same combination of subjective and
objective assessments of model fit as discussed for the calibration process, and would differ only in
the measured data used.
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Under certain conditions it may be desirable to combine the calibration and validation assessments
into asingle analysis. For example if the monitoring data collected for a particular basin would be
too sparse to allow any large portion to be set aside for validation, then a standard “ Jacknife” style
statistical approach (Sokal and Rohlf, 1981) could be used for that basin. Using this approach, one
or more observations would be set aside, the model would be calibrated using the remaining data,
and the model’ s predicted responses would be recorded. This processwould be repeated by setting
aside different groups of data until all of the available data had been used. The variation in
parameter estimates and predicted values could then be assessed from the results of the repeated
analyses. The disadvantages of applying the monitoring data to the HSPF model in this manner
would be that the repeated calibration of the HSPF model would likely be an expensive and time
consuming task, and the * Jacknife’” method isvery sensitiveto outliersin the response data set such
aswould likely result from episodic storm events.

8.2. Land Use/M anagement Practices-L oading Relationships

One of the goals of the recommended short term intensive studies is to develop land use specific
loading estimates for priority land use categories. These short term studies (one to five years) will
serveto provideland use specific concentrations (and loadings) for defined basinsin order tofill data
gaps needed for improved HSPF modeling predictions and PLRG development. For the Estero Bay
Watershed, we have prioritized land use categoriesfor short term monitoring (Section 2.2) and have
identified several specific secondary and tertiary basins containing those prioritized land use types
(e.g., cropland, improved pasture, single family residential, etc.). It is particularly important that
study basins have a uniform land use type, defined management practices, and a basin discharge
point amenable to periodic flow measurements and water quality sampling.

Theassessment of constituent concentrations(e.g., total suspended solids(TSS), total nitrogen, total
phosphorus, etc.) from defined basinsusually resultsin ahigh variation level, thusthe constituents
must be estimated based on probability (Horner, Skupien, Livingston, and Shaver, 1994). Therefore,
to estimate an Event Mean Concentration (EMC) from a study basin, alarge data set is needed to
establish the underlying probability distribution for the locale or an assumption of the distribution
and asmaller locale specific data set to fit the distribution.

The collection of empirical data will involve water quality sampling from a number of defined
storms such that a typical annua cycle of storm types (of rainfall amount and duration) are
represented in the sampled storms. Water quality samples should be analyzed for constituent
concentrations measured periodically throughout the storm hydrograph such that representative
concentrations are measured for a variety of flows. In order to calculate an Event Mean
Concentration (EMC) for each storm event characterizing runoff from an identified basin, the
concentration data must be flow-weighted. EMC can be calculated using the following equation:
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T
§ (CQ)
3 (Q)

1

where T =total number of samples,

t = the time sample concentration © and flow (Q) are measured,;
C, = concentration measured at timet; and
Q, = flow measured at timet.

Multiyear studies are preferable so year-to-year variability istaken into account. Upon completion
of determining EM Cs from a* representative’” number of storms, mean concentrations can then be
calculated for the constituents of interest for the defined land uses (and management practices)
sampled. In the case of the Estero Bay Watershed, many of the flows are controlled and vary
depending on specific water use needs within a basin. Therefore, in order to estimate loadings
accurately, the acquisition of detailed records of the operation/water flow history from abasin may
be necessary.

Land use specific loadings for a basin with mixed land uses can also be determined, if so desired,
through use of the equations discussed and presented in the next section on rainfall-loading
relationshipsfor scenario 2. Use of these equations, however, will not account for land use specific
management practices in the Estero Bay Watershed.

Theimpact of management practiceson loadingsfrom identified study basinscan be predicted given
the attenuation efficiencies of BMPs. The following describes two examples of how management
practices (BMPs) may affect land use specific loadings to a water body. One example would be
where loads generated and released from two basins, one downstream of the other, are each
intercepted by a single BMP with known attenuation efficiencies. The final load delivered to the
canal can thus be predicted by sequentially summing and subtracting in-stream loads given basin
generated loads and BMP attenuation efficiencies. Another example would be where one basin
deliversitsload to two BMPs located downstream in series, which in turn, deliver areduced load
to the canal from the cumulative effect of attenuation.

The data measured by the monitoring program and the EMC samples could allow the statistical
significance of the affects of land use or management practiceson freshwater discharge and pollutant
loading to be tested independently of the HSPF model. An analysis of covariance (ANCOVA)
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would be particularly well suited for thistask. The question to be addressed by the analysis would
be: candifferencesbetween freshwater discharge and pollutant concentrations between the sampled
tertiary subbasins be attributed to land use or management practices. In order to address this
guestion, one must account for the other important differences between the tertiary basins which
could have affected discharge and loadings. The null hypothesis for this type of analysis would be
that there is no significant difference between the response variable (e.g., freshwater discharge)
which can be explained by differencesin the main effect (e.g., proportion of tertiary basinin citrus
land use) after taking into account other covariates (e.g. proportion of wetland coverage, rainfal).

The ANCOV A could be completed using the General Linear Models subroutines (GLM) of the SAS
software package (SAS Institute, 1995). Using this software, the main effects (e.g., tertiary basins
having different land uses to be compared), the response variable (e.g., TSS concentration), and the
covariates (e.g., rainfall, proportion of secondary land use coverage such as wetlands) could be
anayzed. Anexample ANCOVA designin SAS code would read:

Proc GLM;
classbasin;
model TSS conc = basin rainfall wetlands/ solution;
Ismeansbasin / stderr;
run;
where

thevariable basin holdsvaluesof each tertiary basin of relatively homogeneous|and
use to be compared,

thevariableTSS_concholdsvaluesof TSS concentration samplescollected fromthe
tertiary basins,

thevariablerainfall hold valuesof rainfall recorded at the time of the TSS sampling,
and

thevariablewetlandsholdsval ues of the proportion of secondary wetland land cover
in each tertiary basin.

The stderr option in thelsmeans line would cause the standard error of the least-squares means to
be printed. The statistical probability that there is no difference between the response meanswould
also be printed from this option.

In caseswherethe statistical testsfor differences between measured valuesfor two treatments (e.g.,
EMCs measured for two similar land use types) fail to reject the null hypothesis of no significant
difference, the first conclusion would be that there was no difference observed between the two
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values. The nextimportant question to beaddressedis. how large of adifference could have existed
between the two treatments and not have been detected by the monitoring program. Important
differences between treatments could be missed by the monitoring program if any of the following
aretrue:

C natural variability within the treatments was high relative to the magnitude of the
difference between treatments,

C measurement variability washigh relativeto the magnitude of the difference between
treatments, or

C the sampl e size of the monitoring program was not large enough given the variability

within and among treatments.

The probability of a statistical test to detect a significant difference when area difference exists
between the treatmentsisthe “Power” of thetest. For difference tests such asthe Student’s T tests,

it would be necessary to determine the power of the tests for each test which failed to find a
significant difference between treatments. One would then choose an acceptable probability of not
detecting a real difference. A 10 or 5% probability of not detecting a real change would be
reasonable for most pollutant loading estimates. The final step would be to compute the largest
difference between thetwo treatmentswhich could have been detected at the chosen probability level

using standard power analysis methods for the test being used (Snedecor and Cochran, 1989). The
size of thisdifference could then be judged asto whether it would be important or not. For example,

acomparison of TSS concentration EM C datarecorded for improved and unimproved pasture could
result in a measured 20% difference in the concentrations between the two land uses. A T test of

these results could indicate that this was not a significant difference. One would then conduct a
power analysis to determine how large of a difference could have been detected given the sample
size and levels of variability. The power analysis could indicate that only a 60% difference in the
concentrations could have been detected given the variability in the EMC data and the sample size
of the monitoring program. If the size of the smallest detectable difference is too large for
management requirements, then the power analysis data could be used to determine the number of

additional samples required to increase the power of the test to an acceptable level.

8.3. Rainfall-loading Relationships
Three possible scenarios in analyzing rainfall-loading relationships for the Estero Bay Watershed
are discussed below. The selection of an approach for abasin will depend on the level of available

data. Thethree conditions possible for available data are:

1) rainfall data, but no stream or canal flow and no water quality concentration data;
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2) rainfall data, flow data, but no concentration data; and
3) rainfall data, and flow and constituent concentration data collected simultaneously.

The worst case scenario for this study areais that only rainfall data are available for an identified
basininwhich rainfall-loading relationshipsare needed. A better scenarioisif both rainfall dataand
flow data are available. Finally, the best case for developing a rainfall-loading relationship is if
rainfall, flow, and water quality or constituent concentration data are available. Each approach for
the determination of rainfall-loading relationships is demonstrated through the following
descriptions.

8.3.1. Scenario 1 (rainfall data, but no stream flow or water quality concentration data)

In this scenario, measured rainfall data can be used with land use specific runoff coefficients and
runoff concentration data derived from the literature or from modeled rainfall-flow relationships
from other watersheds of similar land use composition. Three approaches that can be used in the
Estero Bay Watershed to devel op rainfall-loading rel ationships when flow and concentrations data
are lacking are discussed below.

The ssimplest approach entails the assumption of alinear relationship of rainfall to runoff. Many
existing spreadsheet models have been developed to model stormwater runoff loadings using
literature valuesfor runoff coefficients and water quality concentrations. Inthese models, land use-
specific runoff coefficients are used to estimate stormwater runoff in amounts proportional to the
sizeof thebasin, itsland use and soilscomposition, and rainfall amounts. In many casesthismethod
would be unacceptable because the relationship between rainfall and flow would be non-linear. A
likely bias in the flow estimates is that low flows are overestimated and high flows are
underestimated.

A non-linear regression can be developed to relate flow to rainfall. In this case, empirical datafor
flows must be available from a series of gagesthat contain similar land use composition asthe basin
of interest. A non-linear regression can then be devel oped between rainfall and known flow. This
relationship can be devel oped to include monthly and seasonal parameters. Model complexity can
be increased as needed until the desired level of confidence in the regression is reached. An
acceptable relationship between rainfall and flow from the gaged basin can then be applied with
rainfall inthe basin of interest to estimate flows under the assumption that runoff characteristicsare
similar to the gaged basin used to develop the relationship.

A third approachisthat flowsand sel ected constituent |oadings can be model ed from sel ected basins.
Assuming detailed rainfall and watershed characteristic data are available for the basin, a more
complex mechanistic model, such as HSPF or SWMM, could simulate flows and loads. Thistype
of modeling approach has similar assumptions as the two previous approaches, but the algorithms
used to develop flow and loadings estimates are much more complex.
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8.3.2. Scenario 2 (rainfall and flow data, but no concentration data)

Given only rainfall and flow data for each time step of interest, basin specific loadings can be
determined by apportioning the flow among the constituent land use categories and then estimating
the load associated with each flow. To estimate land use specific pollutant loads, the fraction of the
total subbasin flow that originated from each land use must be estimated. Assuming amonthly time
step, the total subbasin flow can be apportioned among the constituent land use categories within
each subbasin as follows:

FLOWIAR
FLow, ———!
3 AlR;
|
where
FLOW, thetotal nonpoint sourceflow (cubic meters per month) fromland use
category |,
FLOW the total nonpoint source flow (cubic meters per month) from a
subbasin,
A area (acres) in land use category I, and

R ameasured or literature based runoff coefficient (fraction of rainfall that runs
off) for land use category |.

Theabove calculation would result in the disaggregation of thetotal nonpoint sourceflow for abasin
into flows generated by individual land use types.

Basin pollutant loads can then be estimated by land use using land use/soil-specific runoff
coefficients and land use-specific pollutant concentrations. These coefficients and concentrations
can be derived from literature values or, as necessary, determined through the recommended short
term land use specific monitoring programs in the Estero Bay Watershed previously described.
Flows or runoff generated by an individual land use type within a basin can be calculated by
prorating the total flow using land use-specific runoff coefficients and the area of that land use type
within the basin as shown in the above equation. Loads for specific land uses can then be estimated
for the desired time period according to the following equation:

loading for land use i  Flow,, PC,

where:
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PC,, Average congtituent concentration for land use i

Flow,, Tota flow land use i

The land use-specific loads can then be summed to yield atotal load for abasin. Basins within a
larger area (secondary or primary basin) can be summed as appropriate to obtain the loading
estimates at their desired spatial scale.

8.3.3. Scenario 3 (rainfall, flow and concentration data)

The best case scenario would occur when rainfall, flow, and concentration data would be available
fromthebasin of interest. Giventheseavailableempirical data, or rainfall dataand estimatesof flow
and loads, arainfall-loading relationship can be completed to test the hypothesis: isloading from a
specific basin related to rainfall during the current month or during some combination of previous
months' rainfall. Regression analysis of rainfall amounts (independent variable) versus loads
(dependent variable) can be used to mathematically describe rainfall-load relationships. Flows
multiplied by concentration data for each time step will provide loading estimates.

Since the effects of rainfall measured in loadings downstream may be subject to varying time lags
depending on basin size, land use, and previous rainfall amounts, iterative regressions using one or
more rainfall variables to determine the “best fit” relationship is recommended. For example,
rainfall measured one month, two months, or one and two months (as separate independent
variables) prior to the time of loadings measurements could be iteratively regressed to find the best
fit relationship. The prediction of basin specific loads for combinations of months (assuming a
monthly time step) and basins can be calculated as:

Load, "os B (Xoa1

where
Load,, = predicted load for basin b for season s using time step t;

", =Y intercept for basin b and season's;
$,, = dope of regression for basin b using current month’srain;
(, = slope of regression for basin b using pervious month’srain;

X = current month’srain; and
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Xpg.1 = Previous month’srain.
SAS code (in bold) applicable to calculating basin loads using the above equation is shown below.

Proc gim;
class month basin;
model load = month season rain(basin)
lagrain(basin) / solution;
run;

8.4. Other Analyses

Thedatacollected from the recommended monitoring programs are applicabl e to other analysesthat
may be useful in developing PLRGs for the Estero Bay Watershed. These analyses include the
assessment of spatial and temporal trends and the determination of relationships between stressor
and response variables.

8.4.1. Spatial and Temporal Analyses

It is anticipated that spatial and tempora data analysis will be applicable to rainfall, flow,
concentration, and loading data collected at the identified long term monitoring program sites and
at the 25 sampling sites initially suggested for synoptic sampling. The following discussion will
include analyses of spatial and temporal relationships that could be applied to the monitoring data.

8.4.1.1. Approach to Assessing Spatial and Temporal Trends

The assessment of spatial and temporal trends in monitored parameters (e.g., rainfall and loading
parameters) will provide important information for the PLRG development process. Such analyses
could also facilitate the sel ection of management targets appropriate for current and expected future
conditions.

The analysis of spatial and temporal trends in collected data will necessitate the computation of
means and variances for the various levels of space and time of concern, such as regional, annual,
seasonal, monthly, or daily levels. Long-term continuous data records, such as gaging station data,
could be analyzed for trends at time scales reflective of the collection frequencies for the entire
period of record (daily, weekly, monthly, etc.). The possible discontinuous nature of historical water
quality data, or data collected from a synoptic study, for example, could lead to an analysis with
greater emphasis on the spatial relationships between similar parameters and/or among different
parameters. Analysisof data sets covering different time periods could indicate long-term changes
in parameter concentrations for localized areas. Such analysis will illustrate the degree that water
quality conditions have changed over arelatively long period of time.
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Other potential approaches include the plotting of mixing curves of selected parameter
concentrations over a gradient of concentrations along the longitudinal axis of a canal reach.
Spatial patterns of variability can be summarized through use of contour mapping techniques
showing isopleths of summary statistical values (e.g., annual mean, climatological mean, and
variance in parameter concentrations for a given location).

Analyses of existing data could also assess spatial and temporal trends in nutrient and pollutant
loadings and ambient water quality parameters in a statistically rigorous manner. For example,
methods based on the general linear model of classical statistics (Neter et al., 1985), such asanalysis
of variance, regression, and analysisof covariance could be used to detect spatial and temporal trends
in univariate water quality response parameters. Analysis of variance techniques could be used to
detect regional or year to year differencesin water quality. Regression techniques could be used to
test for a particular type of trend, such as alinear trend over time in water quality and/or nutrient
loading. Analysisof covariance could be of use in detecting trends, while removing the effect of a
secondary source of variability in the response. For example, analysis of covariance could be used
to detect annual changes in total nitrogen concentration that would have existed if freshwater flow
inall yearswas constant. Differencesin total nitrogen could then be attributed to sources other than
flow.

Box-Jenkins time series analysis (Box and Jenkins, 1976) could be applied to assess short term or
long term temporal trends at a particular site. In these techniques, models could be fit to atime
seriesof observationsthat areequally spaced intime (e.g., monthly averages), and testsof significant
seasonal or long term trends could be undertaken. Transfer functions could also be used in Box-
Jenkins analysis to include the effects of other parameters on the response of interest.

Classical statisticsand Box-Jenkinsanalysis necessitate the assumption of normally distributed data
for most applications. Nonparametric or distribution-freemethods (Hollander and Wolfe, 1973) may
be used when the assumption of normally distributed data is not met. These methods generally
involve the use of arank transformation of the data, and the application of classical techniques to
the ranks. Examples of nonparametric methods include Spearman's rank correlation and Kendall's
tau for assessing temporal trends, and Wilcoxon'srank analysis of variance and Friedman'stwo-way
analysis of variance for assessing year-to-year and spatial differencesin water quality.

Most of the statistical technigues mentioned thusfar require observationsto be independent of each
other. Inestuarine and freshwater monitoring programs, observations are often correl ated with each
other. For example, atotal nitrogen concentration obtained at a specific location and time may be
correlated with the total nitrogen concentration at the same location one month earlier (temporal
correlation), or with total nitrogen concentrations at nearby locations within the canal reach (spatia
correlation). Methods which can be used to analyze spatialy correlated data include variogram
estimationand krieging (Cressie, 1991). Statistical analysesbased on the assumption of independent
data when applied to correlated data may result in erroneous results. For example, statistical
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analyses used to detect long term trends in total nitrogen which do not account for short term
temporal and spatial correlation in the total nitrogen concentrations may lack the minimal power
needed to detect such trends. Therefore, statistical methods that are applied to environmental
monitoring data should account for spatial and temporal correlation in the observed data.

If al of the necessary parameters can not be successfully estimated based on historical or existing
monitoring data, trend assessments could be undertaken based on nonparametric tests of trend. For
example, Kendall's tau could be used to assess temporal trends in total phosphorus concentrations
at a specific site, or for the average condition across a group of sites. Estimated long term trends
based on Kendall's tau can be combined from different seasons or sites to estimate an overall trend
in nitrogen concentrations (Hirsch et al., 1982, Hirsch and Slack, 1984). Tests could be applied to
Kendall's tau estimates from different seasons or sitesto determineif atrend is homogeneous, or if
different seasons or siteswithin ariver or estuary are experiencing different trends (Van Belle and
Hughes, 1984).

A more detailed and specific approach to data analysis can be developed when the specific
monitoring programsto beimplemented areidentified. Dataanalysiscould emphasizethefollowing
elements:

C temporal (monthly, seasonal, annual, multi-year) relationships in surface and
groundwater discharge, and rainfall;

C temporal and spatial trends in loadings of macronutrients (e.g, nitrogen and
phosphorus forms) and other significant water quality constituents (e.g., biological
oxygen demand, total suspended solids) to the Estero Bay estuary or other identified
waterbodies or canal reaches of concern; and

C temporal and spatial trends in concentrations of nutrients, chlorophyll, dissolved
oxygen, biological oxygen demand, suspended solids, and other water quality
indicators (e.g., Secchi disk disappearance depth, turbidity, light attenuation) within
the identified waterbodies.

8.4.2. Analysesof Long Term Trends

Methods for characterizing long term empirical trends in the monitoring data could include the
plotting of long-term data records and testing for trends through statistical analyses. The examples
of statistical analyses described below were based on the application of the general linear model
using least squares estimation methods.
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Rainfall

At selected representative preci pitation stations, time series plots of mean monthly precipitation for
each year could be constructed for each calendar month of the year (i.e., plot of mean rainfall in
January for each year for the period of record). Time series of data at specific locations could also
be examined to assess differences in rainfall within the Estero Bay Watershed. The objective of
these analyses would be to characterizelong-term trendsin rainfall within the watershed or basin of
interest.

Rainfall data from representative monitoring stations in the Estero Bay Watershed should be
identified for the specific basin or basins of interest. Trend analyses can then be conducted
separately by basin and season using the following linear model:

Vi BT Yo

Y. =total seasonal rainfall at station  in year |

M =overal mean basin-wide seasonal rainfall

TR deviation from the mean rainfall in year |

"2’]. = deviation from mean rainfall for station |

.j = random error term.
The annual effectson rainfall ( **,; ) can be estimated using least squares methods, and alinear

contrast of these estimates could be calculated to assess linear trend in rainfall. A T test based on
this contrast could be performed to assess the significance of the trend in rainfall.

Flows

The analysis of long term trendsin flow is similar to rainfall. Time series plots of periodic flows
(daily, weekly, monthly, etc.) and average discharges for representative gage sites should be
produced and examined. Following the completion of a set of representative time series plots,
specific statistical tests could be applied to selected gaged flows.
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For example, statistical analyses could be conducted to assessyear to year changesinflow at stations
in the Estero Bay Watershed. Trend analysesfor canal discharge could be conducted separately by
station and season using the following linear mode!:

where
Y,  =tota seasonal discharge (meters/season) in year |
$, =interceptterm
$,  =annud trend for seasonal discharge

)i = random error term.

In this linear model, flows can be converted to a volume of water for an identified season, divided
by the drainage area that contributes flow to the gaging station of interest. The resultant unitswill
be in terms of the height of water (for the drainage area) per unit time (season).

Estimates of the annual trend in canal discharge ( $, ) can be calculated based on least squares

estimation, and the significance of the estimated trend (e.g., hypothesis = There is a significant
increasing trend in canal discharge over time.) can be assessed using a T test statistic.

Water Quality and L oads

An analysis to assess long term spatial and temporal trends in water quality and loadings could
provide important information for the PLRG development. Flow and water quality data, for
example, can be performed using a monthly time step. Flow data could be combined with water
guality datato determine loads of selected constituents. Flow data can be calculated as mean daily
estimates of canal or stream discharge in cubic feet per second (cfs). Monthly arithmetic averages
(cfs) can also be calculated from the daily flow estimates, and those monthly values can be used in
all subsequent data analyses.

A seriesof steps can be performed to sel ect the stations and water quality variablesused for thetrend
analyses. Initially, alist of all variables and their overall frequency in the water quality data set
should be constructed. From thislist, a subset of variables (at aminimum TSS, total nitrogen, total
phosphorus) can be selected.
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All canal stations within the study area could then be examined for their temporal coverage of the
selected water quality variableswith the objective being to use these data to assess|ong-term spatial
and temporal trends in water quality and loads. In order to eliminate sites with too few records to
adequately assesslong term trends, siteswith fewer than a certain number of measurements overall
(e.g., 10) should be removed from consideration. Subsequent examination should includealisting
of minimum and maximum dates of sampling, as well as the average interval between sampling
events to ensure consistency among sites compared. The temporal record of flow measurements
should also be examined. Stations with data for a sufficiently long period of record for both the
selected water quality variables and flow should be retained for further screening.

Stations can be further subset for analysis by examining plots of water quality measurements over
time. Stations with large gaps of missing data between the first and last dates sampled should be
removed from the analyses. A rule should be established with regard to the minimum number of
data points that are representative of an annual cycle. Temporal plots (i.e., plots of water quality
measurements versus date) can also be used, along with histograms or “box and whisker” plots, to
characterize data distributions and to identify outliers. Obvious outliers (e.g., temperatures above
40°C; salinities greater than 40 ppt) should be removed before further analyses are performed.

For theidentified gageswith flow and water quality data, mean (period of record) wet and dry season
water quality constituent concentrations and |oads can be compared graphically. Time series plots
of concentrations and loads could also be produced for each gage site. The plots of empirical data
should be carefully examined prior to performing statistical tests for long-term trends. The visua
examination of time series plots should provide an indication of which sites have definable trends
with time for the selected parameters.

Assessments of annual trends in canal or tributary loads and water quality conditions can be
conducted separately by site and season using the following model:

Yia BT Tog

where
Y,, = reported concentration (e.g. mg/l) or calculated load (tons/month)

for year | and month d

M =overal mean concentration or load

TR deviation from the mean in year |

"2,d = deviation from mean for month d
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.ig = random error term.

Theannual effectson concentrationsor loads( ™, ; ) can beestimated using | east squares methods,

and alinear contrast of these estimates can be calculated to assess linear trend in concentration or
load. The within year effects on loads or concentrations ( **, ; ) can beincluded in the model to

remove within season variation from the residual error, and thus improve the power of testing for
annual trends. A T test based on the linear contrast of annual effects can be conducted to assessthe
significance of the trends in load and concentrations. For example, the hypothesis -- there is a
significant increasing trend in total nitrogen loading with time -- could be tested.

8.4.3. ldentification of Relationships Between Stressor and Response Variables

Correlation statistics can be used to measure the association between two continuous variables.
Linear correlation coefficients (comparison of independent variabl es) can be used totest for potential
relationships between stressor variables (nutrient or pollutant loading variables) and response
variables (water quality parameters) in the receiving waterbodies (canal reaches or estuarine areas)
of thoseloads. Oncedataareformatted into SAS data sets, correl ation coefficients between loading
variables and suspected response variables can quickly and efficiently be calculated. For example,
total nitrogen loads from the Ten-Mile Canal Basin could be correlated with ambient water quality
responsevariables(e.g., chlorophyll-a, trophic stateindex, light attenuation) measured in Estero Bay
that may be expected to change (increase or decrease) as the result of changing loads in nitrogen.
Exampl esinclude Pearson product-moment correl ation coefficientsand Spearman coefficients (SAS,
1988). Data used for correlation statistics require certain assumptions about the paired variables
(eg., X and Y). In correlation, the Y’s at each X, and the X’s at each Y, are assumed to come at
random from a normal distribution. This is referred to as sampling from a “bivariate normal
distribution.” Substantial correlation among variables can be adversely affected by nonnormality,
thus data subjected to correlation statistics must be checked for normality prior to testing.

Inaddition to correl ation statistics, regression model scan be used to statistically test for relationships
between the variation in a response variable to the variation in one or more stressor variables
(loadings). For example, a model can be developed to relate total nitrogen loads to the Imperial
River to theresponse variables of chlorophyll-a and turbidity measured in identified segmentsof the
Estero Bay. Regression techniques can be used to test both linear or non-linear relationships. A
significant statistical relationship among such variables could provide a management tool which
could be used to predict phytoplankton biomass, measured as chlorophyll-a concentration, for
example, based on total nitrogen load to the waterbody. If atarget chlorophyll-a concentration can
be set for the receiving waterbody based on living resource requirements, then PLRGs for nitrogen
could be determined using such a modeling approach.
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